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ABSTRACT

In domains such as scientific discovery and automated design using reinforce-
ment learning (RL), the final task of an agent should extend beyond maximising
a single scalar reward; it requires identifying diverse sets of high-quality trajecto-
ries to uncover distinct solutions that can provide novel insights on how to solve
the problems of interest and transfer robustly from simulation to the real world.
However, the RL literature currently lacks a holistic, domain-agnostic standard for
measuring trajectory diversity. Existing metrics have been developed to improve
exploration at training time but not to evaluate and compare diversity induced
by different agents, rendering cross-method comparisons inconsistent and chal-
lenging. To address this, we introduce the Temporal Vendi Score (TVS), a novel
metric designed to evaluate the diversity of an RL agent by computing the entropy
of the eigenvalues’ similarity matrix of sampled trajectories. Unlike previous ap-
proaches, our metric captures the behavioral diversity of trajectories by account-
ing for both the sequential nature of state visitations and the temporal structure
of the underlying MDP, rather than relying on order-agnostic state comparisons.
We validate the TVS on simple environments where we can control the number
of different ways a problem can be solved, demonstrating that it provides a more
robust, semantically meaningful ranking of diversity than standard baselines. We
then show that our metric can scale to a high-dimensional, continuous environ-
ment.

1 INTRODUCTION

Recent work in RL has highlighted that the goal is often not merely to maximize a single scalar ob-
jective, but also for the agent to identify diverse high-quality solutions and skills. A growing body of
work has therefore incorporated diversity objectives directly into training, e.g., maximum-entropy
(Nachum et al., 2017; Haarnoja et al., 2017; 2018; Lee et al., 2019), unsupervised skill discovery
(Eysenbach et al., 2019; Sharma et al., 2019; Campos et al., 2020), exploration (Pathak et al., 2017;
Burda et al., 2018; Ecoffet et al., 2019; Guo et al., 2022), quality-diversity trade-off (Mouret &
Clune, 2015; Pugh et al., 2016; Lim et al., 2023), etc. Although implemented with different al-
gorithms and loss functions, these methods share a common motivation: learning a diverse set of
behaviors can improve downstream performance and usability, including generalization, robustness,
exploration efficiency, etc. Similar needs for multiple distinct solutions also arise in adjacent areas
such as large language model reasoning (Yao et al., 2025; Yu et al., 2025), diverse content genera-
tion (Zhang et al., 2026; Trang et al., 2025), and scientific discovery problems (Jain et al., 2022; Zhu
et al., 2023), where different trajectories can correspond to different valid solutions or candidates.

Despite the growing interest in diversity in RL, the field lacks a comprehensive and general metric
to quantify the diversity of learned policies. The focus on reward maximization has trickled down to
the evaluation metrics used in RL: the dominant evaluation protocol remains average return. Even
in papers explicitly designed to encourage diversity, existing proxies fall short because they often
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measure something adjacent to diversity rather than diversity itself. For instance, policy entropy can
be increased by injecting action noise without producing meaningfully different outcomes; state vis-
itation counts depend heavily on the choice of representation and discretization; and goal-coverage
metrics require environment-specific structure that may not exist in general continuous-control tasks.
As a result, it is often unclear how diverse a learned policy actually is, and whether improvements
in return are driven by truly broader behavioral repertoires or by unrelated changes in optimization
and exploration.

In this work, we formalize diversity at the level of agent behavior in terms of how many different
trajectories that a trained policy can sample, and propose an interpretable metric, the temporal Vendi
score (TVS). Concretely, the diversity of a trained policy is evaluated by how varied the induced
distribution of trajectories is. Given two sampled trajectories, we propose a time-to-reach distance
to quantify the cost of transitioning between states selected respectively in each trajectory. Then, we
use the goal alignment kernel (GAK) (Cuturi et al., 2007) that marginalizes over the state pairs to
get the similarity between the trajectories. Finally, we leverage the Vendi score (Friedman & Dieng,
2023; Pasarkar & Dieng, 2024) to aggregate the similarity matrix among all sampled trajectories
into a scalar interpretable value of diversity.

We evaluate our proposed metric on maze tasks spanning discrete and continuous settings where
we know the ground truth possible trajectories. Our experimental results show that TVS has several
desirable properties, including 1) interpretability as the raw value aligns with human perceptions,
2) sample efficiency as the metric converges with reasonable amounts of sampled trajectories, 3)
scalability as the computation is parallelizable using GPUs, 4) and universality as it can be applied
to both discrete and continuous setups. We summarize our contributions as follows.

Contributions:

1. We propose a novel, interpretable diversity metric for RL agents that is sensitive to both
the order of selected actions and the geometry of the underlying MDP.

2. We show the metric is able to identify the diversity of agent behavior in toy tasks,
agrees with human intuition and correlates better with increases in diversity than
coverage/entropy-based measures.

3. We demonstrate that the metric converges with relatively few sampled trajectories and that
it has the potential to scale to larger environments with continuous state/action spaces.

2 BACKGROUND

2.1 REINFORCEMENT LEARNING

The focus of reinforcement learning on maximizing expected return is almost foundational. In fact,
Sutton & Barto (2018) defines RL as learning a policy (i.e. a mapping from states to actions) ”so as
to maximize a numerical reward signal”. More formally, RL considers Markov decision processes
(MDPs) as the main object of study. An MDP is defined as a tuple (S,A,P,R, γ) where S is the
set of states, A is the set of actions, P is the state-transition probability function, R is the reward
function and γ is the discount factor. The goal is then to learn a policy π : S → ∆(A) that
maximizes the expected sum of discounted rewards given by Eπ[

∑∞
t=0 γ

tr(st, at)].

2.2 VENDI SCORE

While evaluation of RL has focused on average return, generative model evaluation has already
progressed to diversity metrics. Among them, Friedman & Dieng (2023) propose using the Vendi
score to evaluate diversity. Inspired by ecological diversity metrics, the Vendi score is a sample-
based metric that takes a similarity function k. Then, for a set of n samples x1, . . . , xn the similarity
function must have k(x, x) = 1 for all samples. The Vendi score computes K, the kernel matrix of
pairwise similarities. Finally, the Vendi score of the set of samples is the entropy of the eigenvalues
λ1, . . . , λn of the matrix K/n: VS(x1, . . . , xn) = exp−

∑N
i=1 λi log(λi) (with 0 log 0 = 0 for

λi = 0). The Vendi score has many desirable properties. In particular, it can be roughly interpreted
as a continuous estimator of the number of completely dissimilar elements.
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Table 1: Comparison of properties of existing diversity metrics. †Applicable to a single agent’s tra-
jectories, without requiring a multi-agent population or skill-conditioned policy. Note that DIAYN
requires a latent skill-conditioned policy and thus cannot be applied to an arbitrary single agent.

Metric Continuous
States

Sequen-
tiality

Single
Agent† Population Temporal MDP

Structure

Policy entropy × × ✓ × ×
State entropy × × ✓ ✓ ×
DIAYN (Eysenbach et al., 2019) ✓ ✓ × ✓ ∼
Pairwise DTW (Müller, 2007) ✓ ✓ ✓ × ✓
SND (Bettini et al., 2025) ✓ × × ✓ ×
DvD (Parker-Holder et al., 2020) ✓ × × ✓ ×
TVS (ours) ✓ ✓ ✓ ✓ ✓

2.3 QUASIMETRIC FUNCTIONS

Crucial to the computation of the Vendi score is the choice of similarity function. To have such
a function between RL trajectories, we can turn to computing a notion of distance between states
that leverages temporality (i.e. how many timesteps would it take to get from state s to state s′).
Quasimetric functions (a generalization of a metric function that does not require symmetry) are a
natural choice for such functions. A quasimetric is a function d : S × S → R≥0 satisfying non-
negativity, identity (d(s, s) = 0), and the triangle inequality (d(s1, s2) + d(s2, s3) ≥ d(s1, s3)), but
crucially not requiring symmetry.

In goal-conditioned RL, where we are interested in getting to some goal state as quickly as possible,
the optimal goal-conditioned value function V ∗(s|s′) is necessarily a quasimetric (Wang et al.,
2023). If the cost we ascribe to performing a transition is 1, this optimal value function exactly gives
us the number of timesteps it would take to go from s to s′. This quasimetric function can be learned
in a tabular manner (e.g. by value iteration) or with a function approximator.

In particular, Wang et al. (2023) use a model dθ(s, s
′) that is trained by maximizing

Es∼pstate,g∼pgoal [dθ(s, g)] subject to the constraint that local costs are not overestimated: dθ(s, s′) ≤
−r for all observed transitions (s, a, s′, r) where a represents an action and r represents the re-
ward. This objective pulls states apart globally while respecting observed transition costs locally,
effectively learning the geometry induced by the environment’s dynamics. With a reward of -1 for
each transition, dθ learns an approximation of the time-to-reach distance, i.e. the minimum number
of steps to go from s to g. More recent work has also explored learning temporal distances via
contrastive successor features (Myers et al., 2025), which could further improve the accuracy and
stability of such estimates.

3 RELATED WORK

Diversity is frequently used as a training signal rather than a formal evaluation metric. Commonly,
this training signal is given by a loss that balances maximizing entropy (either at the policy (Haarnoja
et al., 2017; Nachum et al., 2017) or state level (Hazan et al., 2019; Ashlag et al., 2025)) and the
return of the agent. While diversity can be quantified by examining the average entropy of the policy
over visited states (Haarnoja et al., 2018), this often measures stochasticity (randomness) rather than
distinct behavioral modes or strategies. Similarly, Hazan et al. (2019) use state-visitation entropy to
proxy state-space coverage. However, this requires discretization and discards temporal sequential
ordering. To capture sequential structure, trajectory similarity measures, e.g., Dynamic Time Warp-
ing (DTW), have been used to measure trajectory similarity in imitation learning contexts (Vakanski
et al., 2012; Wu et al., 2020). While effective for alignment, these measures focus on similarity to a
template rather than inherent diversity within a policy.

Beyond entropy-based measures, learned metrics have also been used to encourage diversity in skill
discovery methods. For example, Diversity is All You Need (DIAYN) (Eysenbach et al., 2019) train
a discriminator network to classify which skill latent an agent used to generate a given trajectory.
The classification accuracy can be repurposed to quantify diversity in behavioral signatures as higher
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(2) Compute pairwise trajectory similarity (3) Vendi score of similarity matrix (Eq. 6)

(A) State temporal distance matrix (Eq. 4) (B) Similarity from GAK alignment (Eq. 1)

(1) Generate trajectories

GAK = 0.58 VS = 2.85…

Figure 1: Procedure for computing the temporal Vendi score (TVS). (1) Trajectories are sampled
from the agent. (2A) For each pair of trajectories, a pairwise state temporal distance matrix is
computed whose entries correspond to the symmetrized time-to reach distance between a pair of
states si, s′j , see Eq. 3. (2B) A truncated band of this matrix is used to compute the GAK alignment
using Eq. 1. The resulting GAK is used as similarity value between that pair of trajectories. (3) TVS
is computed from the eigenvalues of the resulting pairwise similarity matrix using Eq. 6.

accuracy indicates a distribution that is easier to distinguish. However, as this metric relies on a
neural network classifier that needs to be trained separately for each agent and requires an agent to
have a latent skill-conditioned policy, it cannot be applied universally as a metric.

In multi-agent settings, metrics like System Neural Diversity (SND) (Bettini et al., 2025) and Role
Diversity (RD) (Hu et al., 2022) aggregate pairwise distances between policies. However, pairwise
approaches are susceptible to clustering—where populations split into redundant groups. To address
this, Parker-Holder et al. (2020) introduced Diversity via Determinants (DvD), which uses a kernel
matrix determinant to measure the volume spanned by the population. While DvD captures global
redundancy, its reliance on embeddings from randomly sampled states fails to account for the tem-
poral dependencies or sequential structures critical in spatially-structured tasks. In general, methods
applicable to multi-agent settings/populations focus on evaluating diversity between policies but
cannot evaluate behavioral diversity within a single policy.

Alternatively to determinants and matrix ranks, one can consider the Vendi score (Friedman & Di-
eng, 2023) and its variants (Pasarkar & Dieng, 2024) as aggregation method. While the metric has
been adopted for use in evaluation of generative models, Lintunen (2025) use the Vendi score to
measure diversity and use that as reward to train agents with diverse skills. However, their similarity
kernel used to compute the Vendi score relies on simple trajectory-based statistics (such that as the
mean and covariance matrix of trajectory observations) and it does not take into account the temporal
geometry of the underlying environment. The latter issue arises from their metric only considering
the euclidean distance between states. Problematically, two states can be close (coordinate-wise)
while being far apart in practical terms for an agent (for example if there is a long wall between
them). By considering the time-to-reach distance between states, our metric is aware of the under-
lying dynamics of the MDP.

4 METHOD

Inspired by how species diversity is computed in ecology and how diversity is evaluated in gener-
ative modeling, we adopted the widely used Vendi score (Friedman & Dieng, 2023) that computes
diversity by using similarity values between instances. Our core contribution is to evaluate the sim-
ilarity of RL trajectories by using a time-to-reach distance that captures the temporal state distances
between states visited by the trajectories while considering the alignment of these trajectories. As
illustrated in Fig. 1, our approach comprises three key steps. First, we sample trajectories from an
agent or a population of agents through environment rollouts. Second, we compute the cost func-
tion, i.e., the proposed distance, between all states given two sampled trajectories, which reflects the
geometry of the environment (§4.1.3). Then, we adopt the global alignment kernel (GAK) (Cuturi
et al., 2007) to get the pairwise trajectory similarities (§4.1). Finally, we aggregate this similarity
matrix between trajectories into a single diversity value using the Vendi score.
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4.1 TRAJECTORY SIMILARITY

To apply the vendi score in RL contexts first requires selecting the right objects to apply it to.
We propose comparing trajectories. In doing so, we address many of the desiderata mentioned
in Tab. 1. We can evaluate the diversity of a single agent or a population by sampling a set of
rollouts and evaluating the diversity of those trajectories. In addition, comparing trajectories ensures
that sequentiality is taken into account: agents that visit similar states but in different orders are
considered distinct. Finally, by using the time-to-reach distance, we can ensure the metric reflects
the transition dynamics of the underlying environment. Below we detail our method for evaluating
the similarity of trajectories.

4.1.1 GLOBAL ALIGNMENT KERNEL

As trajectories can be interpreted as sequences of states, we take advantage of the rich literature on
distances between sequences and adopt the Global Alignment Kernel (GAK) (Cuturi et al., 2007),
which compares two sequences by marginalizing over all valid monotonic alignments

kGA(τ, τ
′) =

∑
π∈A(T,T ′)

∏
(i,j)∈π

κ(si, s
′
j), (1)

where A(T, T ′) is the set of all valid monotonic alignments between sequences of lengths T and
T ′, and κ(si, s

′
j) = exp(−d(si, s

′
j)/σ) is a local similarity kernel between sequence elements, with

d a distance and σ > 0 a bandwidth parameter. GAK is guaranteed to be positive semi-definite
(PSD) whenever κ/(1 + κ) is itself PSD (Cuturi et al., 2007) and can be computed efficiently via
the recursion

GA(i, j) = κ(si, s
′
j) · (GA(i−1, j−1) + GA(i−1, j) + GA(i, j−1)) . (2)

In practice, we restrict alignments to a Sakoe–Chiba band (Sakoe, 1978) which limits i, j to a band
around the diagonal given by

|i− j| ≤ 0.2 ·max(T, T ′),

reducing the complexity to O(T · 0.4T ′). Intuitively, trajectories that differ by more than 20% in
temporal alignment are already behaviorally distinct, and will contribute to a high TVS regardless
of the exact alignment. This assumption is reasonable in practice: trajectories collected from a
trained agent tend to share broadly similar lengths, as the agent has learned to act purposefully
rather than wandering arbitrarily. Any misalignment exceeding the band width therefore reflects
genuine behavioral divergence rather than noise, so the band discards only alignments that would
correspond to already-diverse trajectory pairs, without losing discriminative information for similar
ones. We further verify this in Appendix A.3.

4.1.2 ENVIRONMENT GEOMETRY VIA TIME-TO-REACH DISTANCE

The local cost d(s, s′) used by the kernel κ in GAK should reflect meaningful behavioral differences
grounded in the environment’s dynamics, rather than arbitrary distance in observation space while
also being broadly applicable to different RL problems. We propose to set the cost to the time-to-
reach distance: the minimum number of actions required to reach state s′ from state s (Steccanella
& Jonsson, 2022; Wang et al., 2023; Park et al., 2023). Two states are close if an agent can quickly
transition between them, regardless of their distance in the observation space. We note that while this
distance does not guarantee that GAK is PSD, we observe that eigenvalue violations are negligible
(on the order of 10−5) and clamp them to zero. We verify in Section A.3 that the metric remains
stable under perturbation of these small negative eigenvalues.

Exact computation in discrete environments. In grid-world environments with discrete state
spaces, time-to-reach distances can be computed exactly via breadth-first search (BFS). We identify
walkable cells by excluding walls, closed doors, and other non-traversable obstacles from the en-
vironment grid. For each walkable cell, BFS explores the neighborhood (up, down, left, right) to
compute shortest paths to all other reachable cells, with each move incurring unit cost. This yields a
distance matrix D ∈ RN×N where Dij is the minimum number of steps between cells i and j.
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Learned approximation via quasimetric models. When the state space becomes large or contin-
uous, exact computation becomes infeasible. We employ learned quasimetric models (Wang et al.,
2023), which learn the optimal goal-conditioned value function V ∗(s; g) for any Markov decision
process (MDP). Since quasimetric distances are asymmetric in general (reflecting directional dy-
namics such as descending versus ascending a hill), we symmetrize the distance d by averaging both
directions, yielding a single undirected cost between any two states:

dsym(s, s
′) =

1

2

(
d(s, s′) + d(s′, s)

)
. (3)

This yields a symmetric local kernel

κ(si, s
′
j) = exp

(
−
dsym(si, s

′
j)

σ

)
. (4)

Details on the calibration of σ from random rollout statistics are provided in Appendix A.1. Once
trained, the symmetrized distances can be used to pre-compute, for each pair of trajectories, the
pairwise state cost matrix required by the GAK recursion (Eq. 2). Since trajectory comparisons are
independent, all N2 dynamic programming problems can be parallelized on GPU.

4.1.3 NORMALIZATION OF SIMILARITY MATRIX

By applying the GAK and time-to-reach distance, we get the similarity matrix between all sampled
trajectories. However, the raw GAK similarity kGA(τi, τj) does not satisfy kGA(τ, τ) = 1, which is
required by the Vendi score. We therefore normalize the kernel matrix using

Kij =
kGA(τi, τj)√

kGA(τi, τi) · kGA(τj , τj)
, (5)

yielding Kii = 1 for all i.

4.2 TEMPORAL VENDI SCORE

Given a set of N trajectories, the procedure described above yields a normalized similarity matrix
K ∈ RN×N with Kij ∈ [0, 1] and Kii = 1. We aggregate this matrix into a single scalar diversity
measure using the Vendi score (Friedman & Dieng, 2023). In its original form (q = 1), each
eigenvalue is weighed proportionally to its magnitude. Pasarkar & Dieng (2024) generalize this to a
family of orders q.

Higher orders (q > 1) concentrate on the dominant eigenvalues, effectively counting only the major
behavioral modes while filtering out small variations that do not represent genuinely different strate-
gies. We use q = 2 throughout our experiments. This choice focuses the score on the dominant
eigenvalues of K/N , effectively counting major behavioral modes while discounting superficial di-
versity from action-level stochasticity. It also converges with fewer trajectory samples (Pasarkar &
Dieng, 2024) and is more robust to the negligible negative eigenvalues discussed in Section 4.1.

The temporal Vendi score (TVS) is given by

TVS({τ1, . . . τN}) = exp

(
− log

k∑
i=1

λ2
i

)
, (6)

where {λ1, . . . , λk} are the eigenvalues of the normalized similarity matrix K/N .

5 EXPERIMENTS

The experimental validation of our metric takes advantage of simple mazes where we know the
ground truth diverse trajectories that can be taken to reach the goal/goals. We aim to demonstrate
the following: (1) our metric provides an interpretable evaluation of the diversity of an agent, (2)
it converges with a tractable number of samples, (3) it is more sensitive to genuine increases in
diversity than baseline metrics and (4) it can scale to larger continuous environments.
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TVS = 1.00 TVS = 1.67 TVS = 1.99 TVS = 3.32(A) (B) (C) (D)

Figure 2: TVS of agents with increasing diversity in a simple grid maze. The maze admits paths on
both its left and right sides, each with minor variants. (A) The agent follows a single path to the
goal. (B) The agent takes four overlapping paths, all on the left side of the maze. (C) The agent
takes two paths, one on each side of the maze. (D) The agent takes eight overlapping paths, four on
each side, mirroring the configuration of (B) on both sides.

5.1 FUNDAMENTAL PROPERTIES

We use a toy maze set up with verifiable ground truth diversity to verify the fundamental properties of
our proposed metric. To generate rollouts with controlled diversity, we compute a soft value iteration
policy (Sutton & Barto, 2018; Geist et al., 2019) with a temperature parameter α = 0.002, which
induces a near-optimal stochastic policy that distributes probability mass across multiple solutions.
By selectively filtering which paths the agent is allowed to take, we construct four settings with
increasing diversity.

Interpretability. We begin by verifying the interpretability of our metric. As a Vendi score of n
reflects a diversity equivalent to having n completely distinct objects, we aim for TVS to roughly
reflect the number of distinct trajectories, accounting for their temporal separation in the environ-
ment. As shown in Fig. 2, TVS returns exactly 1 for a single-path agent (A), confirming no diversity.
When four overlapping paths all stay on the same side (B), the score is only 1.67, correctly dis-
counting their geometric proximity. Two paths on opposite sides (C) yield 1.99, nearly matching
the ground-truth count of 2. Finally, mirroring (B) onto both sides (D) gives 3.32, closely matching
2× 1.67 = 3.34 and confirming that the metric scales consistently with duplicated structure.

Sample efficiency. We now verify that TVS converges to a stable score with a moderate number
of rollouts. Fig. 3 shows the convergence of TVS across four environments of varying size and
structure: three single-goal environments (single-goal small, single-goal medium,
single-goal big) and one multi-goal environment multi-goal. In all cases, the score sta-
bilizes within 128 rollouts, demonstrating practical sample efficiency. The converged scores are
interpretable: in the single-goal environments, the agent has access to two main paths, each with
four minor variants, yielding a score of approximately 3 — reflecting two distinct strategies plus
partial credit for the similar variants. In the multi-goal environment, eight distinct paths are avail-
able, and TVS converges to 7.6, closely tracking the number of genuinely different strategies. For
additional environment configurations, see Appendix A.2.

5.2 COMPARISON WITH BASELINES

To isolate the value of temporal structure in diversity measurement, we design an environment where
state-level metrics are blind to meaningful behavioral differences. The environment requires the
agent to pick up one of five keys and open a corresponding door to reach the goal.

We train agents with increasing diversity represented by the number of keys it learns to use (from
1 to 5) and measure the relative increase in each metric compared to the single-key baseline. As
shown in Fig. 4, both state coverage and entropy of the occupancy measure remain nearly flat as
the agent learns to solve the task with more keys. Coverage increases by less than 1% from 1 to
5 keys, and occupancy entropy similarly rises only marginally. This poor sensitivity demonstrates
that state-level aggregation discards precisely the information needed to distinguish meaningfully
different behaviors.
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Figure 3: Convergence of TVS (with Sakoe Chiba 20%) as a function of the number of sampled
trajectories across four environments of varying size and structure. State visitation heatmaps depict
the full set of 1024 rollouts used for evaluation. TVS stabilizes within approximately 128 rollouts
in all environments and converges to interpretable values reflecting the number of distinct strategies
available.
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Figure 4: Relative increase in diversity score as the number of keys used grows from 1 to 5. State
coverage and occupancy entropy remain nearly flat because the added diversity is temporal, the
agent visits similar states in different orders. TVS captures this sequential structure and increases
steadily with the number of distinct strategies.

These metrics fail because the added diversity is temporal, not spatial: the agent visits the same cells
but in different orders. In contrast, TVS captures this sequential structure through trajectory align-
ment and its value increases substantially as the agents learn to use more keys, correctly reflecting
that the agent has learned qualitatively distinct strategies.

5.3 CONTINUOUS CONTROL

To demonstrate the potential scalability of our metric, we test it in the Maze2D environment intro-
duced by Fu et al. (2020). The environment consists of a physics simulator where a ball with 2
degrees of freedom is force-actuated in the cartesian x/y directions. Agents must learn to control
this ball and traverse a maze with a given structure and reach a goal. We train PPO (Schulman et al.,
2017) agents with increasing entropy coefficients in mazes that replicate the structure of the discrete
mazes (single-goal). The agents are trained with a dense reward corresponding to the negative
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Single-goal occupancy

TVS = 1.85 TVS = 4.30

Figure 5: Convergence of TVS in continuous point maze environments using learned quasimetric
distances, averaged over 4 seeds. We evaluate a low-diversity and a high-diversity agent trained via
PPO with different entropy coefficients.

euclidean distance to the goal. We give large reward for actually reaching the goal to prevent the
agent from learning to idle near the goal.

Since we know the general possible ground truth trajectories in these mazes, we visually inspect
trajectories to match the trained agents to diversity buckets. For the low diversity agent, we pick
an agent that almost always takes the same path. For the high diversity agent, we combine the
trajectories of two agents that visually learn multiple trajectories to the goal for a given side. This
need to combine trajectories comes from PPO agents heavily favoring one side or the other, even at
higher entropy values.

To compute the TVS, we train a quasimetric model using the code provided by Wang et al. (2023),
adapting it to the point maze environment. We train the quasimetric model offline, using the tra-
jectories generated by the PPO agents. We filter out trajectories exceeding 300 timesteps, as these
correspond to agents that fail to reach the goal efficiently and would inflate computation without
contributing meaningful behavioral diversity.

As illustrated in Fig. 5, TVS converges even in continuous settings. The metric stabilizes at approx-
imately 256 rollouts and produces scores consistent with the number of visually distinct strategies
(with the low diversity agent learning two overlapping trajectories and the high diversity agent learn-
ing almost all possible paths to the goal). While these experiments are preliminary, they demonstrate
the potential applicability of TVS to general RL domains.

Computational optimizations. In continuous state spaces, each state pair distance is obtained
from a forward pass from the quasimetric model. For N trajectories of mean length T with a 20%
Sakoe–Chiba band, this amounts to O(N2 · T · 0.4T ) distance evaluations. Even with batched GPU
inference (approximately 5× 105 pairs per second), this remains costly for large N and T .

To remedy this issue, we exploit the low-dimensional structure of the (x, y) point-maze observations
by rounding states to a grid of resolution 0.1 and precomputing all pairwise distances on this grid
once. Each subsequent GAK evaluation then requires only table lookups (see Fig. 10). We verify in
Appendix A.4 that this discretization does not affect the scores. For higher-dimensional observations
such as images, the number of unique states grows exponentially with dimension, making grid dis-
cretization impractical. Practical alternatives include clustering states in a learned embedding space
to construct a finite lookup table, subsampling trajectories, or tightening the Sakoe–Chiba band (see
Appendix A.4).

6 CONCLUSION

We introduced the temporal Vendi score (TVS), a domain-agnostic metric for evaluating the behav-
ioral diversity of reinforcement learning agents. By combining time-to-reach distances that capture
the geometry of the underlying MDP, the global alignment kernel that reflects the sequential struc-
ture of trajectories, and the Vendi score that aggregates pairwise similarities into an interpretable
scalar, TVS addresses key shortcomings of existing diversity proxies. Our experiments on discrete
maze environments with known ground-truth solutions show that TVS produces scores that align
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with human intuition about the number of distinct strategies, converges within 128–256 sampled
rollouts, and captures temporal diversity that state-level metrics such as coverage and occupancy
entropy fail to detect. We further demonstrated that the metric scales to continuous control settings
by leveraging learned quasimetric models and GPU-parallelizable computation.

Several directions remain for future work. While we take a first step towards scaling the metric,
high-dimensional observation spaces such as pixel-based environments poses challenges for pre-
computing pairwise distances. Furthermore, while we focus on distances between states, it could
be interesting to leverage the actions taken in a trajectory as well as the reward obtained by the
agent to further diversity evaluation. This extra information could be key for example in evaluating
distinct locomotion gaits in robotics. Finally, an exciting direction is to use TVS not only as an
evaluation metric but as a training signal to directly optimize for behavioral diversity, potentially
complementing existing entropy-based and skill-discovery objectives.
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A APPENDIX

A.1 CALIBRATION OF HYPERPARAMETERS.

Recall that the local similarity kernel used within GAK is κ(s, s′) = exp(−d(s, s′)/σ), where σ >
0 controls how aggressively the metric separates trajectories. A higher σ compresses similarities
toward 1, making distinct trajectories appear more similar, while a lower σ amplifies differences.
We select σ from the statistics of random rollouts.

As shown above, cosine normalization ensures Kii = 1 and causes the combinatorial sum over
alignment paths to approximately cancel between numerator and denominator (since these sums
share the same set of valid paths for trajectories of similar length). The normalized similarity Kij is
therefore governed by a single representative alignment of length L. Denoting the median time-to-
reach distance between two states from these rollouts by d̂, we have that the expected distance for a
median trajectory pair is L · d̂. We choose σ such that this median pair achieves a similarity of 0.5:

exp

(
−L · d̂

σ

)
= 0.5 =⇒ σ =

L · d̂
ln 2

. (7)

In practice, d̂ is estimated by sampling 100 random rollouts of length L = median(Li), where Li

are the episode lengths of a baseline policy that solves the environment, computing all pairwise state
distances, and taking their median. This calibration is performed once per environment. Alterna-
tively, σ can be inherited from prior work on the same task. The Vendi score is then computed from
this normalized kernel matrix, yielding the effective number of distinct trajectories in the population.
Below are our calibrated σ values for the different environments.

Environment L d̂ (median) σ

Single-goal (small) 16 2.8 64.6
Single-goal (normal) 24 3.82 132.3
Single-goal (large) 32 4.75 219.3
Multi-goal Fig.3 12 3.5 60.6

Multi-key Fig.4 57 3 247

Single-goal (continuous) Fig.5 217 65 20349

The calibrated values reflect meaningful properties of each environment. Within the single-goal
grid worlds, σ increases with environment size (64.6 → 132.3 → 219.3), capturing that larger en-
vironments admit longer trajectories and thus require a broader similarity bandwidth to distinguish
genuinely different trajectories from minor deviations. Similarly, the multi-key environment yields
a higher σ (247) than comparably sized single-goal settings, consistent with its longer episodes
(L = 57) that arise from navigating to multiple subgoals, which in turn expand the space of possible
trajectory variations. The continuous environment exhibits a substantially larger σ (20,349), reflect-
ing both the finer-grained state space and the longer rollouts (L = 217), which together increase the
range of pairwise distances and require correspondingly wider bandwidth. In all cases, the calibra-
tion adapts automatically through L and d̂, requiring no manual tuning across qualitatively different
environments.
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A.2 ENVIRONMENT VARIATIONS

We verify that TVS remains interpretable as the environment structure varies. Fig. 7 shows single-
goal environments of increasing size. The score remains consistent with the number of distinct
strategies available, confirming that the automatic calibration of σ through L and d̂ correctly adapts
to environment scale.

Fig. 6 shows multi-goal environments where the number of available paths increases from 2 to 8.
As each pair of new paths is introduced, TVS increases by approximately 2, closely tracking the
number of genuinely distinct trajectories and converging to ∼8 when all eight paths are available.

Figure 6: TVS across multi-goal environments with an increasing number of paths (from 2 to 8).
The score increases by approximately 2 with each pair of new paths, reflecting the added behavioral
diversity.
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Figure 7: TVS across single-goal environments of increasing size. The score remains interpretable
and consistent with the number of distinct strategies despite changes in maze dimensions.
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A.3 ROBUSTNESS

As noted in Section 4.1, the time-to-reach distance does not guarantee that κ/(1 + κ) is positive
semi-definite, though in practice the resulting negative eigenvalues are negligible (on the order of
10−5). Since the Vendi score is defined via the entropy of the eigenspectrum, negative eigenvalues
must be addressed before computation. Our default approach clamps them to zero. To verify that this
choice does not introduce artifacts, we compare against an alternative correction: adding diagonal
jitter K′ = K + ϵI for ϵ ∈ {10−5, 10−4, 10−3, 10−2, 10−1}, which shifts all eigenvalues upward
and guarantees positive semi-definiteness. Figure 8 shows the relative change in TSV compared
to the clamped baseline. For ϵ ≤ 10−3, which far exceeds the magnitude of the observed negative
eigenvalues, the score changes by at most 0.20% across all configurations. Only at ϵ = 10−1, several
orders of magnitude larger than any eigenvalue violation, does the score shift appreciably (∼21%).
This confirms that clamping and jittering produce virtually identical results in the regime relevant to
our kernel, and that the small PSD violations do not meaningfully affect the metric.

Figure 8: Relative change in Temporal Vendi Score when adding diagonal jitter ϵI to the kernel
similarity matrix, compared to the raw (clamp) matrix.

In the continuous control setting, the negative eigenvalues are even smaller (on the order of 10−16),
consistent with numerical noise rather than structural PSD violations. The robustness pattern is
similar: jittering with ϵ = 10−5 produces no measurable change, while ϵ = 10−4, 10−3, 10−2, and
10−1 yield relative shifts of approximately 0.02%, 0.2%, 2%, and 20% respectively, mirroring the
discrete setting.
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A.4 SCALING TO LARGER ENVIRONMENTS

We evaluate the impact of three computational optimizations on TVS: state discretization (rounding
continuous observations to a fixed grid resolution), reducing the Sakoe–Chiba bandwidth below the
default 20%, and subsampling trajectories by retaining every k-th state.

Fig. 9 reports the relative change in TVS compared to the baseline configuration (full precision, 20%
band, no subsampling). State discretization to a resolution of 0.1 has negligible effect (< 1% relative
change), validating its use in our continuous control experiments. Reducing the band to 15% also
has minimal impact, but further reductions increasingly inflate the score as valid alignments are ex-
cluded. Subsampling has the opposite effect, systematically decreasing the score as the subsampling
factor grows. Both effects are consistent across low and high-diversity agents.

Among these optimizations, state discretization is the most reliable for continuous control settings,
as it preserves the full temporal structure while drastically reducing the number of unique distance
evaluations. Reducing the Sakoe–Chiba bandwidth is likely environment-dependent: in mazes with
simple structure, moderate reductions have little effect, but environments with more complex tem-
poral dynamics may require wider bands. Subsampling is the most sensitive, as it alters the temporal
resolution of trajectories. In particular, it may be problematic in environments with cyclic or repeti-
tive behaviors, where the distinction between trajectories lies in short-term state ordering.

In terms of complexity, reducing the band from b to b′ scales the per-pair GAK cost from O(T ·2bT )
to O(T ·2b′T ), a linear reduction. Subsampling by a factor k reduces both sequence lengths, yielding
a quadratic speedup of O(T 2/k2) per pair. To illustrate the practical impact of discretization on
the one-time pairwise distance precomputation, evaluating 200 trajectories without discretization
takes approximately one hour, whereas with discretization the full 1024-trajectory precomputation
completes in under two minutes.

However, as shown in Fig. 5, the score stabilizes around 256 rollouts, for which computation takes
under 5 minutes (see Fig. 10). More generally, convergence speed appears correlated with sample
diversity: lower-diversity agents require fewer rollouts.

For settings where this cost remains prohibitive, the Vendi score supports Nyström approximation
(Friedman & Dieng, 2023), which approximates the kernel matrix from a subset of columns. We
leave this direction to future work.

Figure 9: Relative change in TVS under three computational optimizations compared to the baseline
configuration averaged over 4 seeds. (baseline : 200 trajectories, 10−8 state precision)
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Figure 10: Computation cost of TVS in the continuous point maze with discretized states (resolu-
tion 0.1). Left: TVS runtime as a function of the number of sampled trajectories. Runtime scales
quadratically in N due to pairwise trajectory comparisons. The high-diversity agent incurs higher
cost owing to longer trajectories (median length ∼265 vs ∼218). Right: One-time precomputation
cost. After discretization, the number of unique state pairs (hatched bars, right axis) and corre-
sponding computation time (solid bars, left axis) depend on the agent’s state-space coverage. Once
precomputed, all subsequent GAK evaluations use table lookups.
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A.5 ADDITIONAL EXPERIMENTS

Fig. 11 shows the pairwise distance matrix between trajectories (left) and the resulting normalized
similarity matrix used by the Vendi score (right). Low distances correspond to high similarities, and
the block structure visible in both matrices reflects the distinct behavioral clusters learned by the
agent.

Figure 11: Pairwise trajectory distance matrix (left) and corresponding normalized similarity matrix
(right).
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